Abstract. This paper presents an analysis on the space/time statistical thermal structure in the Yellow Sea from the Navy's Master Observation Oceanography Data Set during 1929-1991. This analysis is for the establishment of an Optimum Thermal Interpolation System of the Yellow Sea (a shallow sea), for the assimilation of observational data into coastal o-coordinate ocean prediction models (e.g., the Princeton Ocean Model), and for the design of an optimum observational network. After quality control the data set consists of 35,658 profiles. Sea surface temperatures at 50% and 80% water depths are presented here as representing the thermal structure of surface, middepth, and nearbottom layers. In the Yellow Sea shelf the temporal and spatial signals fluctuate according to the Asian monsoon. Variation of surface forcing from winter to summer monsoon season causes the change of the thermal structure, including the decorrelation scales. Our computation shows that the seasonal variation of the surface horizontal decorrelation scale is around 90 km from 158 km in winter to 251 km in summer and the seasonal variation of the surface temporal decorrelation scale is around 2.4 days from 14.7 days in winter to 12.3 days in summer. The temporal decorrelation scale increases with depth in both summer (evident) and winter (slight). The near-bottom water (rr -0.8) has the longest temporal scale in summer, which could be directly related to the existence of the Yellow Sea Cold Water throughout the summer in the middle of the Yellow Sea. The temporal and spatial decorrelation scales obtained in this study are useful for running optimum interpolation models and for designing an optimum observational network. The minimum sampling density required to detect thermal variability in the Yellow Sea shelf would be 50-80 km and 4-6 day intervals per temperature measurement with the knowledge that the subsurface features will also be adequately sampled. 
Introduction
Various ocean systems such as fronts, eddies, and water masses have different temporal and spatial scales. These scales feature a system's life span and spatial extent both horizontally and vertically. Horizontal scales for temperature fields in deep ocean basins have been extensively studied; for example, White eta[. [1982] identified spatial correlation scales in the western Pacific of about 600 km in the tropics (south of 17.5øN) and 300 km in the subtropics (north of 17.5øN), while Ozxoy et al. [1989] found the spatial scales to be 200-250 km in the Levantine Basin of the Mediterranean Sea.
Temporal and horizontal scales in the continental shelf, and especially in the region of fleshwater influence, have been less studied. One major reason is that due to great depths the deep ocean temperature profiles tend to follow the pattern of mixed layer, a thermocline, and a deeper layer slowly decreasing in temperature with depth. Shallow water does not consistently mimic this pattern. It may range from the classical profile to completely isothermal. The coastal water is largely affected by bathymetry, river runoff, internal waves, and tides. Therefore the temporal and horizontal scales are also under the strong influence of these forcing factors and should have different vertical structure from the deep water [Wells, 1994] . For deep waters the vertical variations of the temporal and horizontal scales are usually obtained from the temperature fields at different depths (e.g., 100, 200, and 300 m from White et al. [1982] ) or from the sea surface temperature (SST) field and the depth of certain temperature (e.g., depth of 20øC from Sprintall and Meyers [1991] ). Neither scheme is practical for the Yellow Sea region because of a single-layer structure appearing in winter, which makes the depth of certain isotherm nonrepresentative for the subsurface thermal fields, and because of a strong influence of horizontally varying bathymetry on the shallow water, which causes the temperature fields at different depths to be nonrepresentative of subsurface fields. For deep water these depths are easily determined (Figure la) . However, for shallow water with a sloping bottom, any chosen depths will lead to some areas (hatched area in Figure lb Table 1 shows the partition of the data; winter has the least profiles and summer has the most.
The main limitation of the MOODS data is their irregular distribution in time and space. Certain periods and areas are over sampled, while others lack enough observations to gain any meaningful insights. Vertical resolution and data quality are also highly variable depending much on instrument type and sampling expertise. There is a data sparse area: the eastern coastal region of China ( Spatial and temporal irregularities along with the lack of data in certain regions must be carefully weighted in order to avoid statistically induced variability. Originally, it was hoped that there would be sutticient data to compute horizontal and temporal decorrelation scales on a yearly basis and to determine a trend. After analyzing the location and histogram of the data, it was obvious that statistically significant results cannot be obtained on a yearly basis. Analysis was done on a mean seasonal basis using the data for all years. 
Establishment of Seasonal Climatology
Building climatological fields from the MOODS database is not a straightforward task, and in shallow water the problems are magnified. Most of the problems are related to lack of data. Without enough data, individual observations force artificial gradients to occur. In addition, the sloping bottom poses difficulties with interpolating techniques. If the temperature values need to be unbiased, an appropriate background field (seasonal climatology) must be subtracted. Three major steps were used in establishing the seasonal temperature climatology: (1) binning the data seasonally, (2) interpolating the temperature profiles into the desired depth, and (3) gridding the temperature with the Minimum curvature SPline (MISP) Interpolator algorithm developed at the Naval Oceanographic Ottice. This algorithm is similar to the Cubic Spline Interpolator (e.g., as given by in MATLAB [1992] ). During the MISP interpolation we apply a low-pass filter to the observed temperature values at each rr level of interest. That is, the interpolated background temperature at a grid was a weighted linear combination of the adjacent measured values at the same rr level. The choice of the decay scale for the Gaussian weights of the filter was somewhat arbitrary except that we wanted it to be much longer than the decorrelation scale of ACF. We used a decay scale of 5 ø for the filter weights which gave a very smooth background field. Guan [1994] suggested that thc basin may bc treated as an isolated system. Therefore it is reasonable to assume that the temperature ACFs inside the Yellow Sea are isotropic; that is, ACFs only depend on the distance between two temperature locations. The major reason for using horizontal isotropicity here is the data sparseness (Table 1) (Figure 15a) , where ACF decreases quasi-linearly with the time lag (dotted line in Figure 15a ).
2. Its vertical variability is quite small during winter (Figures 14a, 14b, and 14c) and not so small during summer (Figures 15a, 15b, and 15c ). This coincides with the single-layer Figure 17b) , and the near bottom, rr = 0.8 (Figure 17c) .
The ACFs have the following features' 1. Its spatial variability weakens as the temporal lag increases and becomes very small (smaller than 0.2) at the time lag n = 15 day except for the summer near-bottom field (Figure 17c) , where the ACF's horizontal variability at n = 15 days is quite close to that at n = 0 (no time lag) and n -1 day lag, as shown in Figure 17c . This indicates that during summer the tidal effects (on the timescale less or equal than 1 day) are important for the Yellow Sea bottom thermal field.
2. Its vertical variability is quite small during winter (Figures 16a, 16b, and 16c) and not so small during summer (Figures 17a, 17b, and 17c ). This coincides with the single-layer An interesting feature shown in Table 3 The values of the weights, ai(i = 1, 2, ..., N), are found by minimizing, in a least squares sense, the difference between the interpolated value at the grid node and the true value there and obtained from solving the algebraic equations [Gandin, 1965] 
Observational Network Design
The temporal and horizontal decorrelation scales are useful for an optimal observational network design. As we mentioned in section 6.3, the noise comes from instrumental and geophysical errors. Since the instrumental error in expendable bathythermograph (XBT) measurements is usually about 0.1øC [Barnett and Bernstein, 1980] and is even smaller in conductivity-temperature-depth (CTD) measurements, the instrumental error is generally neglected against the geophysical error. This implies that the curtailment of noise must be accomplished by the reduction of geophysical error. This is usually done by increasing the sample density. Having determined the statistical structure of thermal variability in the Yellow Sea shelf, the minimum sampling density required to detect thermal variability can now be arbitrated as two or three samples per decorrelation scale [Sprintall and Meyers, 1991] . This would mean that spatially, any temperature measurement in both summer and winter may be conducted at 50-80 km and 4-6 day intervals with the knowledge that the subsurface features will also be adequately sampled. 
